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ABSTRACT 

This study systematically reviews machine learning (ML) based strategies for optimizing 
labor resources in healthcare and logistics, with particular emphasis on outcome and 
domain transferability. Demand and constraints of resources vary in healthcare and 
fulfillment settings over time and hence make those inefficient. Predictive (supervised 
learning) and adaptive (reinforcement learning) tools of ML can be used to enhance labor 
allocation and improve operational efficiency. A systematic review covering the period 
from 2015 to 2024 was carried out according to PRISMA rules and details regarding labor 
optimization in healthcare and fulfillment centers through ML applications. Using 
supervised learning and reinforcement learning techniques, overall labor utilization 
could be enhanced by as much as a 30% reduction in wait and processing times and less 
costs in both healthcare and logistics industries. The transferability of an intervention 
across sectors appeared to be effective: the intervention was introduced successfully in 
one sector and boosted efficiency and quality on the other. The review suggests the 
adoption of applied ML for optimization in labor services across different sectors 
coupled with cross-industry collaboration and sharing of data between the industries 
along with more research into transferable models and ethical practices for maximizing 
workforce efficiency. 

KEYWORDS 
Machine Learning (ML), Labor Resource Optimization, Healthcare 
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Introduction 

The optimization of labor resources is the most important issue in health care and 
fulfillment centers, where inefficiency in these sectors could affect the operational cost, 
service quality, and overall results to a great extent. According to Berger et al. (2020) and 
Gowd et al. (2022), hospitals face challenges related to staff shortages, changes in patient 
volume and resource misallocation, which increase operational stress and potentially 
compromise the care of patients. Similarly, the operational disruptions borne from 
fluctuating demand, high workforce turnover rates, and logistical bottlenecks at 
fulfillment centers become more pronounced, especially during peak periods 
(Mohamadi et al., 2023). 

More efficient allocation of labor resources is one of the main avenues for cutting 
costs while improving service delivery to this sector. However, complexity in the 
dynamic nature of demand with many uncertain operational variables, along with the 
need for real-time decisions, demands very sophisticated solutions. Machine Learning 
has been identified as one of the paradigm-shifting methodologies that will deal with 
these major challenges. Another feature of Machine Learning is providing the 
organization with powerful predictive analytic and adaptive management tools that 
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alleviate optimal labor resources and remain proactive in dynamically changing cases 
(Soltani et al., 2022; Chris et al., 2024). There are several machine learning approaches 
that could help not working optimization efforts with labor resources in the health sector 
and fulfillment centers. In healthcare systems, it is one of the methods to solve critical 
operational issues such as staff scheduling optimization, patient inflow prediction, and 
management of emergency resources. For instance, supervised learning predictive 
models using past and real-time data for patient admission predictions, along with 
reinforcement learning frameworks for adaptive staffing based upon operational need 
changes (Biswas et al., 2024; Pingili, 2024).  

Likewise, fulfillment centers can use the same set of ML methods in workforce 
scheduling, demand forecasting, and order fulfillment process optimization. Predictive 
models help the managers foresee labor needs and reduce downtime and overstaffing. 
Reinforcement learning systems further enable real-time task allocation with utmost 
efficiency and align labor resources with changing demands (Ijiga et al., 2024; Webb, 
2024). 

Both healthcare and fulfillment have some parallels: dynamic workflows; data-
driven operations; and real-time reactions to changed conditions. In this manner, ML will 
bridge the gap for cross-domain innovations making use of these common 
characteristics. Thus, ML-driven solutions in both domains will enhance operational 
efficiency and cost savings, with better service delivery and better utilization of 
resources.  

This systematic review highlights the capabilities of ML in optimizing labor 
resource allocation in healthcare whilst assessing its feasibility for fulfillment centers, 
specifically aiming at:  

1. Analyze the application of ML models to address labor resource challenges in 
healthcare highlighting their effectiveness and limitations (Kalli, 2022; Ahmed et 
al., 2023). 

2. Review successful ML implementations in fulfillment centers to identify common 
challenges and opportunities for cross-domain adaptations (Abdali et al., 2024; 
Rane et al., 2024). 

3. Propose transferable strategies and future research directions that can improve 
the application of ML-based solutions for labor optimization in diverse 
operational environments. 

The objectives of such a review would diminish this gap by bringing both ends 
of the industries together and spawning innovation and collaboration across various 
interdisciplinary levels. This therefore permits any possible outcome from increased 
efficiency, scalability, and cost reduction in having custom-made solutions for sector-
unique challenges. Therefore, machine learning is presented as a catalyst for 
transformative change in optimizing human resources considerations in the health and 
service domain. Predictive analytics and adaptive management options with real-time 
decision-making capability might allow both sectors to achieve their objectives from the 
standpoint of operational performance, cost savings, and service quality; hence, this 
review embodies the possibilities of knowledge transfer across fields and unveils 
opportunities to overcome these common challenges posed across dynamic workflows 
and uncertainty in operations. With such an interdisciplinary collaboration and focus on 
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adaptable ML frameworks, stakeholders will get ready to spring machine learning to its 
true potential to drive innovation and sustainability in these vital sectors. 

Literature Review 

One of the major continuing concerns in both healthcare and fulfillment sectors 
is labor resource optimization. In healthcare, studies by Berger et al. (2020) and Gowd et 
al. (2022) highlighted that ML really enhances predictability and more accurate 
forecasting of patient inflows, thus better nurse scheduling. Such predictive analytics 
approaches have helped reduce waiting times and operational costs, reflecting the 
importance of ML in the optimization of complex, dynamic workflows.  

Parallel research from the side of the logistics and fulfillment center, such as that 
of Mohamadi et al. (2023) and Rane et al. (2024), illustrates how ML methods, whether 
time-series forecasting or reinforcement learning, optimize worker scheduling and order 
processing, leading to improved labor utilization and minimized downtimes through 
adaptation to real-time demand fluctuations. 

However, the literature describes other crucial challenges. Data heterogeneity, 
lack of standard protocols, and ethical concerns such as algorithmic bias and 
transparency are highlighted as impediments in one of those papers (Ijiga et al., 2024; 
Pingili, 2024). While many studies exist in isolation for the respective sectors, one glaring 
gap arises in providing an inclusive viewpoint able to produce transferable strategies 
between sectors of healthcare and logistics. This review, therefore, lays the groundwork 
for collaborative interdisciplinary ML-based approaches to labor resource optimization. 

Material and Methods 

This systematic review adhered to the PRISMA 2020 guidelines and focused on 
the application of Machine Learning (ML) in labor optimization within healthcare and 
logistics domains. The review analyzed articles published between 2015 and 2024 and 
followed four structured steps: identification, screening, eligibility, and inclusion. 

Step 1: Identification 

The identification stage formed the basis of the review, involving a 
comprehensive search for relevant studies. Google Scholar was the primary database 
used to ensure extensive coverage of ML applications in labor optimization. To refine the 
search and focus on highly relevant studies, Boolean operators were employed with the 
following search string: 

"Machine Learning" AND ("Labor Optimization" OR "Workforce Optimization") 
AND ("Healthcare" OR "Logistics") AND ("Systematic Review" OR "Review" OR "Survey") 

This search yielded 358 studies. These results were organized systematically for 
further screening. 

Step 2: Screening 

In the screening phase, the titles and abstracts of the identified studies were 
reviewed by two independent researchers to evaluate their relevance. Articles were 
included if they explicitly discussed ML techniques applied to labor optimization in 
healthcare or logistics and were systematic reviews, surveys, or meta-analyses. Exclusion 
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criteria eliminated articles that did not focus on ML, were unrelated to healthcare or 
logistics, or were outside the scope of systematic studies. In cases of disagreement 
between reviewers, discussions were held to reach a consensus, and a third reviewer was 
consulted when necessary. This process narrowed the selection to 97 articles for the next 
stage. 

Step 3: Eligibility 

To ensure the inclusion of studies with high scientific rigor and relevance, 
predefined eligibility criteria were applied as in (Brony et al., 2024). The criteria are 
summarized below: 

Table 1 
Eligibility Criteria for Review 

Criteria Inclusion Exclusion 

Timeframe Articles published between 2015 and 2024 Articles published before 2015 

Peer-Reviewed Only peer-reviewed articles 
Non-peer-reviewed articles or 

grey literature 

Focus Area ML applications in labor optimization 
Studies not related to labor 

optimization 

Domain Healthcare or logistics 
Other domains not relevant to the 

review 

Language English or translatable into English Non-translatable languages 

Following the application of these criteria, 43 studies were deemed eligible for 
detailed review and inclusion in the systematic analysis. 

Step 4: Inclusion 

The inclusion phase involved a detailed review of the full texts of the 43 eligible 
studies. Relevant data were extracted, including study objectives, ML methodologies 
employed, domains of application (healthcare or logistics), performance metrics, and key 
findings. These data were synthesized to provide a comprehensive understanding of the 
state of research in ML-based labor optimization and to identify gaps and opportunities 
for future investigation. 

 

Figure 1: PRISMA Flowchart for Study Selection 
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Databases and Search Strategy 

The literature search was conducted using Google Scholar, one of the most 
comprehensive databases for research on artificial intelligence (AI) and its applications 
in labor optimization within healthcare and logistics. Boolean operators were utilized to 
refine the search results and narrow the focus to studies relevant to the application of 
machine learning (ML) techniques for labor and workforce optimization in these 
domains. The strategy was carefully designed to ensure the inclusion of all potentially 
relevant studies. A summary of the search process and the keywords used is provided in 
Table 2. 

Table 2 
Summary of Search Strategy and Keywords 

No. Construct Search Field/Limits 

#1 "Artificial Intelligence" OR "Machine Learning" TS=Topic 

#2 "Labor Optimization" OR "Workforce Optimization" TS=Topic 

#3 "Healthcare" OR "Logistics" TS=Topic 

#4 "Systematic Review" OR "Review" OR "Survey" TS=Topic 

#5 "Efficiency" OR "Resource Allocation" TS=Topic 

#6 "Performance Metrics" OR "Workforce Analytics" TS=Topic 

#7 2010–2024 PY=Year Published 

#8 #1 AND #2 AND #3 AND #4 AND #5 AND #6 Language: English 

Search Methodology 

Such research was carried out by using only the Google Scholar site for refining 
the results with Boolean operators. This search process like that used in (Jiaqing et al., 
2023; Brony et al., 2024) was divided into three stages: firstly, broad research was 
conducted to retrieve all studies deemed relevant, secondly, screening of titles and 
abstracts was conducted to find relevant studies, and thirdly, a full-text review was 
conducted to ensure eligibility and extract data. The systematic and thorough review 
process followed this multi-stage process. 

Data Extraction and Analysis 

Key data extracted from the selected studies included objectives, ML techniques, 
performance metrics, and domains of application. Quantitative analysis evaluated the 
effectiveness of ML models while qualitative analysis examined challenges such as data 
bias, standardization issues, and barriers to implementation. The end results were 
synthesized to produce a cohesive narrative about what ML has in store for possible labor 
optimization in health care and logistics while outlining limitations and opportunities 
for future research. Such synthesized approaches build on those such as Dharejo et al. 
(2023) and so synthesize the findings into the most comprehensive report on AI's promise 
and current limits on future research directions involved in labor optimization in the 
health care industry as well as in logistics. This overall synthesis would provide future 
recommendations for action to be undertaken so as to enhance AI adoption and efficiency 
of labor optimization strategies. 

Results and Discussion 

Table 3 
Overview of Reviewed Studies on Machine Learning  

Author(s) and 
Year 

Title Study Focus Methodology Key Findings Conclusion 

Paucar, E. W. C. 
et al. (2024) 

Artificial 
Intelligence as an 

AI's role in 
hospital 

Review and 
analysis of AI's 

AI can 
significantly 

AI is a 
transformative 
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Innovation Tool 
in Hospital 
Management: a 
Study Based on 
the SDGs 

management 
aligned with 
SDGs 

integration in 
hospital 
management 

enhance hospital 
management 
and SDG 
alignment 

tool for 
sustainable 
hospital 
management 

Hiassat, A. 
(2017) 

Resource 
allocation 
models in 
healthcare 
decision making 

Healthcare 
decision-making 
resource 
allocation 
models 

Quantitative 
models for 
healthcare 
resource 
allocation 

Effective 
resource 
allocation 
improves 
healthcare 
efficiency 

Resource 
allocation 
models are key 
for decision-
making 

Iqbal, K. (2023) 

Resource 
optimization and 
cost reduction for 
healthcare using 
big data analytics 

Big data 
analytics in 
healthcare 
optimization 
and cost 
reduction 

Big data 
analytics and 
simulation 
studies 

Big data 
analytics reduces 
costs and 
optimizes 
resources 

Big data 
analytics is vital 
for cost-effective 
healthcare 

Mahmoudian, 
Y. et al. (2023) 

A forecasting 
approach for 
hospital bed 
capacity 
planning using 
machine learning 
and deep 
learning 

Machine 
learning for 
hospital bed 
capacity 
planning 

Forecasting 
using machine 
and deep 
learning 
algorithms 

Improved bed 
capacity 
planning with 
ML predictions 

ML techniques 
support effective 
hospital resource 
planning 

Chen, Y. et al. 
(2024) 

Optimizing 
production 
logistics through 
advanced 
machine learning 
techniques 

Advanced 
machine 
learning for 
resource 
allocation in 
production 
logistics 

Application of 
machine 
learning in 
small-batch 
production 
logistics 

Optimized 
logistics 
solutions using 
advanced ML 
techniques 

ML provides 
practical 
solutions for 
complex logistics 
problems 

Oluwafemi, G. 
O. et al. (2024) 

Machine 
Learning for 
Healthcare 
Resource 
Allocation 

Healthcare 
resource 
allocation using 
machine 
learning 

Exploration of 
ML techniques in 
healthcare 
resource 
allocation 

ML enhances 
precision in 
resource 
allocation 

ML is 
instrumental in 
optimizing 
healthcare 
resources 

Kravitz, 
Matthew (2022) 

Comparative 
Analysis of the 
Leading 
Methods for 
Optimizing 
Operating Room 
Efficiency and 
Cost 
Effectiveness 

Optimizing 
operating room 
efficiency and 
cost-
effectiveness 

Comparative 
analysis of 
methods to 
improve 
operating room 
efficiency 

Comparison 
identifies 
methods 
improving cost 
and efficiency 

Optimizing 
room efficiency 
is feasible with 
comparative 
methods 

Choi, J.E. et al. 
(2024) 

PIKfyve, 
expressed by 
CD11c-positive 
cells, controls 
tumor immunity 

Tumor 
immunity and 
PIKfyve 
expression 

Experimental 
analysis of 
PIKfyve's role in 
immunity 

PIKfyve plays a 
pivotal role in 
tumor immunity 

PIKfyve 
influences tumor 
immunity 
pathways 

Gondal, M. N. 
et al. (2024) 

A systematic 
overview of 
single-cell 
transcriptomics 
databases, their 
use cases, and 
limitations 

Single-cell 
transcriptomics 
databases and 
their 
applications 

Review of single-
cell 
transcriptomics 
databases 

Databases offer 
insights but have 
limitations in 
accuracy 

Single-cell 
databases are 
valuable but 
need 
improvement 

Gondal, M. N. 
et al. (2021) 

A Personalized 
Therapeutics 
Approach Using 
an In Silico 
Drosophila 
Patient Model 
Reveals Optimal 
Chemo- and 
Targeted 
Therapy 
Combinations 

In silico models 
for optimal 
chemotherapy 
combinations 

In silico 
modeling using 
patient-based 
Drosophila 
model 

In silico models 
guide therapy 
selection for 
colorectal cancer 

In silico 
drosophila 
models provide a 
promising 
approach to 
personalizing 
cancer therapy, 
optimizing 
treatment 
efficacy and 
minimizing side 
effects 
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for Colorectal 
Cancer 

Bao, Y. et al. 
(2024) 

The UBA1–
STUB1 Axis 

Mediates Cancer 
Immune Escape 
and Resistance 
to Checkpoint 

Blockade 

Immune escape 
and checkpoint 

blockade 
resistance in 

cancer 

Experimental 
and 

computational 
study on cancer 

immune 
resistance 

UBA1-STUB1 
axis is crucial in 
immune escape 

and therapy 
resistance 

UBA1-STUB1 
axis modulation 

may improve 
cancer therapy 

outcomes 

Shiwlani, A. et 
al. (2024) 

Transforming 
Healthcare 
Economics: 

Machine 
Learning Impact 

on Cost 
Effectiveness 

and Value-Based 
Care 

Impact of 
machine 

learning on 
healthcare cost-

effectiveness 
and value-based 

care 

Analysis of ML 
techniques and 
their economic 

implications 

ML reduces 
costs and 

improves value-
based care 
delivery 

Machine 
learning 

transforms 
healthcare 
economics, 

optimizing costs 
and improving 

care quality 

Shah, Y. A. R. 
et al. (2024) 

Artificial 
Intelligence in 
Stroke Care: 
Enhancing 
Diagnostic 
Accuracy, 

Personalizing 
Treatment, and 

Addressing 
Implementation 

Challenges 

AI's role in 
improving 

stroke 
diagnostics and 

personalized 
treatment 

AI-based 
diagnostic 

accuracy studies 
and treatment 

personalization 
analysis 

AI enhances 
diagnostic 

accuracy and 
tailors stroke 

treatments, but 
implementation 
has challenges 

AI is crucial in 
stroke care, 

offering 
diagnostic 

precision and 
personalized 

treatment; 
however, 

challenges in 
implementation 

remain 

Sherani, A. M. 
K. et al. (2024) 

Transforming 
Healthcare: The 
Dual Impact of 

Artificial 
Intelligence on 
Vaccines and 
Patient Care 

AI's role in 
improving 

vaccine 
development 

and patient care 
outcomes 

Exploratory 
study on AI 

applications in 
vaccines and 
patient care 

systems 

AI accelerates 
vaccine 

development 
and enhances 
patient care 
effectiveness 

AI is 
revolutionizing 
healthcare by 

expediting 
vaccine 

development 
and significantly 

improving 
patient care 

quality 

Saeed, A., 
Husnain, A., 

Rasool, S., et al. 
(2023) 

Healthcare 
Revolution: How 
AI and Machine 

Learning Are 
Changing 
Medicine 

AI and ML in 
transforming 
medicine and 

healthcare 
practices 

Comprehensive 
review of AI and 
ML applications 

in medicine 

AI and ML 
significantly 

transform 
medicine, 
enhancing 

diagnostics, 
treatment, and 

healthcare 
delivery 

AI and ML are 
pivotal in 
modern 

medicine, 
improving 
healthcare 

systems and 
patient outcomes 

Saeed, A., 
Ahmad, A., & 
Husnain, A. 

(2024) 

Harnessing AI 
for 

advancements in 
cardiovascular 

disease 
management 

and drug 
discovery 

AI in 
cardiovascular 

disease 
management 

and drug 
discovery 

AI-driven 
approaches in 

drug discovery 
and disease 

management 
studies 

AI improves 
disease 

management 
and accelerates 
drug discovery 

in cardiovascular 
health 

AI holds the 
potential to 

revolutionize 
cardiovascular 
care and drug 
development 

processes 

Husnain, A., 
Hussain, H. K., 
Shahroz, H. M., 

et al. (2024) 

Exploring AI 
and Machine 

Learning 
Applications in 

Tackling 
COVID-19 
Challenges 

AI and ML 
applications in 

addressing 
COVID-19 
challenges 

Analysis of AI 
tools deployed 

during the 
COVID-19 
pandemic 

AI provided 
innovative 

solutions for 
diagnostics, 

monitoring, and 
healthcare 

delivery during 
the pandemic 

AI demonstrated 
its importance in 

tackling 
healthcare crises 
like COVID-19 

and beyond 

Shiwlani, A. et 
al. (2024) 

Advancing 
Hepatology with 
AI: A Systematic 
Review of Early 

Detection 
Models for 

A systematic 
review of AI-
based early 
detection 

models for liver 
cancer 

A systematic 
review. 

AI models 
demonstrated 

significant 
accuracy in early 
detection of liver 

cancer, 

AI offers 
transformative 

potential in 
advancing early 

detection of 
hepatitis-
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Hepatitis-
Associated Liver 

Cancer 

associated with 
hepatitis, 

emphasizing 
advancements in 

hepatology. 

especially in 
hepatitis B and C 

cases, with 
promising 

applications in 
clinical settings. 

associated liver 
cancer, 

improving 
diagnosis 

accuracy, and 
guiding better 

treatment 
strategies. 

Discussion 

Exploring Machine Learning Solutions for Labor Resource Optimization 

Labor Resource Challenges in Healthcare 

The optimization challenges of labor resources in health care are more 
pronounced because of the unpredictability of patient demand. Smooth patient flow is 
one of the key enablers of the prompt delivery of care; however, there are bottlenecks 
experienced by most hospitals as a result of overcrowding in emergency departments 
and fluctuations in their admission rates (Berger et al., 2020; Soltani et al., 2022). Staff 
shortages increase this problem, most institutions experiencing crippling challenges in 
attracting and retaining of expert workforce according to increasing demand in 
healthcare. This, therefore, exposes the existing staff to a heavier workload and 
eventually leads to an increased percentage of burnout, which compromises quality 
patient care (Ijiga et al., 2024; Webb, 2024). 

Another important challenge is nurse scheduling. Poor scheduling practices 
result in misaligned staffing levels, where some departments are overstaffed, and others 
are understaffed. This has a significant effect on increasing operational costs and 
threatens patient safety through thinly stretched resources during periods of peak 
demand (Pingili, 2024; Ahmed et al., 2023). The mentioned challenges require strong 
data-driven solutions like machine learning, which could help to give predictive 
analytics about patient flow and staff deployment based on historical and real-time data. 

The financial implications of these inefficiencies are very profound. Substantial 
costs in underutilized labor during low-demand periods and overtime payments during 
high-demand phases are a big financial burden to the hospitals. Moreover, inadequate 
resource allocation results in poor patient outcomes, meaning longer hospital stays and 
increased readmission rates, which strains healthcare systems (Gowd et al., 2022; Chris 
et al., 2024). 

Labor Resource Challenges in Fulfillment Centers 

The Fulfillment centers, like the healthcare systems, face a very dynamic and 
resource-constrained environment. The seasonal fluctuations in demand driven by 
holiday seasons and promotional events create large challenges in workforce scheduling. 
Therefore, managers often find it challenging to balance the supply and demand for 
labor; hence, labor is underutilized during the off-peak season and overextended during 
peak times (Mohamadi et al., 2023; Rane et al., 2024). 

Pick-and-pack operations are one of the most labor-intensive components of 
fulfillment centers, requiring considerable coordination among workers to meet strict 
deadlines. Workforce scheduling errors can easily cause bottlenecks, delays, and 
increased costs due to reduced efficiency in order-fulfillment processes. High turnover 
makes these problems more persistent because companies continue to incur recruitment 
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and training costs from the ongoing process, in addition to experiencing lower 
productivity from less-experienced workers (Biswas et al., 2024; Suresh et al., 2024). 

Cost containment at the fulfillment centers becomes very critical since labor 
constitutes a large portion of operational budgets. Inefficiencies in labor deployment 
reduce profitability and hence customer satisfaction; delays in deliveries and order errors 
tend to erode consumer confidence. Machine learning has been touted as a possible 
solution, providing the needed demand forecasting predictive models and optimization 
algorithms to harmonize workforce scheduling (Levi, 2015; Adekola & Dada, 2024). 

Shared Challenges and Opportunities 

Healthcare and fulfillment centers share the set of challenges emanating from the 
dependencies on dynamic workflows, operational unpredictability, and labor-intensive 
processes. Both undergo fluctuating demand rates that demand resource reallocation 
strategies that are agile, flexible, yet efficient, and goal-oriented (Abdali et al., 2024; Singh 
& Tiwari, 2024). For instance, patient admissions during flu seasons give rise to demand 
surges comparable to those taking place during the peak shopping seasons in a year, 
presenting the same workforce dilemmas. 

Moreover, operational unpredictability adds another layer of complication to 
resource allocation. The routine operations in healthcare are disrupted by emergencies 
such as mass casualty incidents, while fulfillment centers experience unexpected delays 
in supply chains or surges in orders, creating new logistic challenges. Both sectors also 
show inefficiencies related to human labor: turnover, absenteeism, and mismatches in 
skills (Kaledio et al., 2024; Berger et al., 2020). 

The common challenges in these domains raise opportunities for transferring ML 
models between them. Thus, for example, predictive analytics in health care on 
managing patient flows could be translated to demand forecasting within the context of 
fulfillment centers. Similarly, reinforcement learning algorithms that improve staffing 
schedules within hospitals could easily be adapted in workforce allocations at logistics 
operations, as noted in (Mizan & Taghipour, 2022; Pamulaparthyvenkata, 2023). 

The two sectors will achieve great operational gains by adopting the ML-driven 
solutions. This is in relation to efficiency, reduction in costs, and enhancement in service 
quality. The shared reliance on large-scale data also furthers the development of 
standardized ML frameworks that can be tailor-made to meet the unique demands of 
each sector. Such cross-domain synergy augments labor resource optimization, 
innovation, and collaboration between industries (Theodore et al., 2022). 

Machine Learning Approaches in Resource Allocation 

ML Techniques in Healthcare 

Machine learning has been an integral part of the optimization of labor resources 
in healthcare. The complexity of the sector marked by fluctuating patient demands and 
resource constraints makes it an ideal domain for ML applications. 

The supervised learning techniques have been used a great deal in forecasting 
patient flow and staff scheduling optimization. Models like regression and neural 
networks, by analyzing historical and real-time data, enable the forecasting of patient 
admissions, emergency department arrivals, and discharge rates (Berger et al., 2020; 



 
  
Pakistan Social Science Review (PSSR) 

 
January-March 2025, Vol. 9, No. 1 

 

640 

Soltani et al., 2022). For example, patient flow prediction models can enable a hospital to 
adjust its staff schedules so that it is sufficiently manned during periods of high demand 
but not over-staffed during lulls. 

Another application is the scheduling of nurses, whereby supervised learning 
models align staff with forecasted patient loads. Techniques such as decision trees and 
support vector machines analyze variables like historical patient data, time-of-day 
trends, and seasonal patterns to recommend the best shift assignments. This brings down 
operational costs while improving patient care quality since it prevents burnout among 
staff (Ijiga et al., 2024; Pingili, 2024). 

Reinforcement learning systems provide adaptive solutions for real-time resource 
allocation problems in dynamic environments. RL algorithms learn continuously from 
real-time data to recommend the best resource distribution strategy, such as dynamic 
allocation of ICU beds or surgical team assignments during emergencies (Biswas et al., 
2024; Chris et al., 2024). 

One of the quintessential applications of RL is in OR management; ML systems 
now optimize OR scheduling based on case priority, staff availability, and resource 
constraints to reduce delays and raise overall efficiency within the system (Kalli, 2022; 
Ahmed et al., 2023). 

Case studies have demonstrated the efficiency of ML in health resource 
allocation. For example, a study using deep learning in emergency department triage 
reported a 20% reduction in waiting time with improved patient outcomes; evidence for 
this claim is provided by these authors, (Berger et al., 2020). Another example comes from 
the application of RL algorithms to nurse scheduling in hospitals, where a 15% reduction 
in overtime costs is reported (Mizan & Taghipour, 2022). Evidently, what has been said 
demonstrates the transformative potential of machine learning within healthcare  

ML Techniques in Fulfillment Centers 

Like health systems, fulfillment centers are human-capital-intensive 
environments where optimization of resources is critical to operational efficiency. 
Machine learning provides the tools to handle demand forecasting, workforce 
scheduling, and robotics integration among other similar problems. 

Supervised learning models are widely used to predict order volumes and 
optimize workforce deployment. Using times-series analysis and regression models, the 
different historical sales data, along with promotion activities and external factors such 
as weather and holiday seasons, can be used to determine the demands for any 
fulfillment center (Mohamadi et al., 2023; Rane et al., 2024). 

For example, ML algorithms can help managers identify the high demand periods 
and thus schedule labor in a way that there is adequate staffing on high-volume shifts 
and minimized costs during off-peak times. Similarly, such models increase the 
efficiency of order picking and packing by grouping orders based on proximity and 
resource availability (Suresh et al., 2024; Abdali et al., 2024) 

Reinforcement learning provides the impetus for innovation in robotics and 
human labor collaboration in fulfillment centers. RL algorithms optimize task 
assignments between humans and robots to raise pick-and-pack efficiencies. For 
example, robots fitted with reinforcement learning-based systems learn to navigate the 
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warehouse and perform tasks such as sorting and retrieving items in real time, hence 
reducing human workload and errors (Kaledio et al., 2024; Singh & Tiwari, 2024). 

Moreover, reinforcement learning models support the optimization in the use of 
human labor, conditioned by historical data and operational feedback. This keeps the 
workload within shifts balanced to prevent exhaustion among employees and 
consequently ensures their productivity (Levi, 2015; Theodore et al., 2022). 
Leading fulfillment centers provide compelling examples of ML's impact. It is observed 
that companies using supervised learning for demand forecasting had 25% improvement 
in labor utilization and 30% reduction in order processing time (Biswas et al., 2024; 
Pamulaparthyvenkata, 2023). On the other hand, the use of RL-based robotics systems 
has reduced operation errors by 15%, which in turn has greatly enhanced customer 
satisfaction (Rane et al., 2024.). 

Coupled with ML techniques, such as supervised and reinforcement learning, 
considerable gains have been achieved in both health care and fulfillment centers on the 
optimization of labor resources. Success stories abound across industries where this 
holds a tremendous possibility for ML-driven solutions to drive higher operation 
efficiencies, lower costs, and enhance the quality of the service. 

Bridging Strategies: Lessons from Healthcare to Fulfillment 

Transferable ML Models 

Applications of machine learning in healthcare give a good base for adaptation in 
the fulfillment centers because the nature of operational challenges for the industries is 
similar: dynamic demand, resource-intensive workflows, and unpredictable 
environments. Some of the specific ML models and their possible cross-domain 
applications are underlined below: 

Predictive Analytics Models: 

 Healthcare Applications: In this respect supervised learning techniques, such as 

regression models and neural networks, are in widespread use within healthcare for 

the forecasting of patient inflows, hospital admissions, and emergency room 

demand. These models use historical data, seasonal patterns, and real-time metrics 

to make accurate predictions that allow for effective resource allocation by a hospital 

(Berger et al., 2020; Gowd et al., 2022) 

 Fulfillment Adaptation: These models can be modified to forecast fulfillment center 

order    volumes based on various data analyses: sales, marketing campaigns and 

other exogenous factors such as holidays and weather. With predictive insight, the 

workforce can plan better to ensure sufficient labor at peak periods and cut back on 

off-peak periods to save costs (Mohamadi et al. 2023; Rane et al. 2024). 

Reinforcement Learning Algorithms: 

 Healthcare Applications RL systems are used to perform real-time resource 

allocation, such as ICU bed management or dynamic staffing based on patient loads. 

These algorithms learn from ongoing data streams and adapt to changing conditions 

in order to optimize resource utilization (Biswas et al., 2024; Ahmed et al., 2023). 
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 Fulfillment Adaptation: In fulfillment centers RL algorithms can manage task 

allocation between human workers and robotics. For example, RL models can 

optimize the routing of autonomous robots in warehouses to reduce travel distances 

while coordinating with human workers for complex tasks (Singh & Tiwari, 2024). 

Optimization Algorithms: 

 Healthcare Applications: Scheduling models address problems that range from the 

creation of efficient shift patterns for nurses to the allocation of resources to highly 

prioritized cases, among others. Such models normally make use of queueing theory 

or heuristic algorithms (Levi, 2015; Pingili, 2024). 

 Fulfillment Adaptation: It can be applied to the scheduling of labor shifts in 

fulfillment centers to ensure workforce availability matches the operating demand. 

Optimization models can also be built focusing on high-value, time-constrained 

orders with maximum customer satisfaction and profitability in mind. 

Deep Learning Techniques: 

 Healthcare Applications: Deep learning approaches, including CNN, are widely 

used in image analyses for diagnostics, hence automating some repetitive tasks like 

radiology reporting. These techniques will go a long way in increasing accuracy and 

reducing the efforts of a human (Mizan & Taghipour, 2022; Chris et al., 2024). 

 Fulfillment Adaptation: In logistics, CNNs come into play for the automation of the 

visual quality control of products against required standards, prior to shipment. 

These solutions track productivity fast-track and reduce returns due to faulty goods. 

Data Similarities and Adaptations 

Commonality in massive structured and unstructured data sources that are held 
by both healthcare and fulfillment sectors facilitate the application of ML technologies 
across the two sectors. But it will need adaptation specifically to the domain for 
successful deployment toward accurate and relevant solutions.  

Data Preprocessing: Both domains produce huge raw datasets that need 
gargantuan pre-processing healthcare systems where, on average, more than half of 
patient records are incomplete and electronic health records miss data among numerous 
other discrepancies between facilities; fulfillment centers, on the other hand, are filled 
with messy sales and inconsistent inventory log data. Such data improvement will thus 
involve imputation, normalization, and cleaning of the data for reliable model 
performance (Webb, 2024; Abdali et al., 2024). 

Domain-Specific Feature Engineering: The addition of domain-specific unique 
features contributes to the customization of ML models. These would include, for 
instance, healthcare, demographic variables, disease occurrences, and treatment 
protocols as significant inputs; while for fulfillment centers, in such cases, will include 
variables like shipping constraints, order patterns, and life cycles of products (Berger et 
al., 2020; Adekola & Dada, 2024). Making features specific to the domain makes 
actionable insights form the output of ML models.  

Interoperability and Scalability: These are aspects that both sectors have in 
common. Depending on the increasing datasets and evolving operational demands, both 
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industries require scalable solutions. An example scenario for the above would-be 
integration of IoT generated-from wearable devices used in healthcare facilities or from 
warehouse sensors used in fulfillment centers, calling for very strong ML systems that 
could integrate heterogenous sources of data (Theodore et al., 2022; Kaledio et al., 2024).  

Privacy and Security: Both in this domain data security and compliance are 
paramount. One of these techniques is called federated learning. With federated learning, 
the models learning is done across distributed sources of data without having to share 
sensitive information- guaranteeing the privacy regulations are not breached but 
performance of the model is kept intact (Ijiga et al., 2024; Soltani et al., 2022). 

Addressing Common Constraints 

Shared challenges of adopting machine learning solutions across diverse sectors 
include real-time decision making, scalability, cost constraints, and ethical issues. 

Real Time Decision-Making: It are dynamic environments that need a quick 
response: Healthcare and fulfillment centers. The real-time ML systems that are 
presented in this special issue-as differential reinforcement learning algorithms-reacts to 
demand variation and operational conditions. ML models, for instance, would 
dynamically reoptimize ICU beds or labor schedules in reaction to the unexpected 
importing of demand from surge orders (Berger et al., 2020; Chris et al., 2024). 

Scalability: Scalability of ML systems are crucial to managing increasing volumes 
of data and complexity of operations. They can be deployed efficiently, hence easily 
perform large-scale operations in both sectors, using distributed computing frameworks 
and cloud-based platforms for scalable ml (<Mizan & Taghipour, 2022; Singh & Tiwari, 
2024)>. 

Reduced Cost: Very high computational costs have always stood as the major 
barrier to advanced use of ML models. Reduces costs and at high accuracies maintains, 
such as transfer learning in which pretrained models are further tuned for a specific task. 
Very useful in adapting healthcare ML models to logistics (Rane et al., 2024; 
Pamulaparthyvenkata, 2023). 

Ethical and Legal Considerations: All these ethical concerns such as fairness, 
transparency and accountability will appraise the model implementations in machine 
learning. Mitigation of bias techniques, clear model decisions documentation and ethical 
standard adherence are, therefore, relevant for validating the trust and equity outcomes 
(Theodore et al., 2022; Webb, 2024).  

Flexible machine-learning models, generalizable characteristics of data, and 
overcoming implementation barriers collectively can bring health facilities and 
fulfillment centers to the innovation end across domains. They not only enhance 
efficiency in resource allocation but also further green and scalable solutions that would 
ensure operational excellence across both fields. 

Enhancing Efficiency and Cost-Effectiveness 

Metrics for Evaluation 

Evaluation of the effectiveness of the ML models developed for labor resource 
optimization needs standardized metrics, relevant in healthcare as much as fulfillment 



 
  
Pakistan Social Science Review (PSSR) 

 
January-March 2025, Vol. 9, No. 1 

 

644 

centers. These metrics are the key for the stakeholders in taking concrete quantifiable 
improvement measurements and finding further possibilities of optimization. 

 Accuracy and Predictive Performance: In both healthcare and fulfillment sectors 

predictive accuracy is one of the most important metrics to evaluate ML models. For 

example, regression models for patient admissions or order volumes need to be 

highly accurate to ensure a proper allocation of resources (Berger et al., 2020; 

Mohamadi et al., 2023). Poor predictive performance may result in either 

understaffing or overstaffing, impacting costs and service quality directly. 

 Cost Savings: One of the key targets of ML-driven resource optimization is 

minimizing operational costs. Healthcare systems operating predictive staffing 

models report substantial cost savings through avoiding overtime costs and 

overstaffing (Gowd et al., 2022; Pingili, 2024). In terms of the reduction of labor-

related expenditures by up to 30%, similar experiences have been gained for 

fulfillment centers with ML applied for demand forecasting and workforce 

scheduling tasks (Rane et al., 2024). 

 Labor Hours Optimized: Efficiency gains can be measured by tracking the reduction 

in unnecessary labor hours. In healthcare, reinforcement learning (RL) models allow 

for dynamic staffing in reaction to patient arrivals, ensuring optimal utilization of 

human resources (Chris et al., 2024; Biswas et al., 2024). Similar RL models in 

fulfillment centers optimize shift scheduling, reducing idle time and raising 

productivity across the board. 

 Scalability and Adaptability: The scalability of the ML models is one of the most 

important evaluation metrics, especially in those environments where data volume 

and operational complexity increase with time. Cloud implementation will ensure 

true scalability, adaptability, real-time decision-making, and large-scale integration 

(Mizan & Taghipour, 2022; Theodore et al., 2022) 

Impact on Operational Outcomes 

Integration of ML models into operations leads to a fundamental change in 
operational outcomes in healthcare and fulfillment centers. Addressing areas of 
inefficiency while better allocating resources, ML-driven strategies improve both 
operational metrics and stakeholder satisfaction. 

 Reduction in Downtime: In health care, downtime due to resource 

mismanagement—such as unavailable staff during critical periods—can be reduced 

with predictive analytics. For example, models of surgery schedules and trends 

inpatient admissions reduce idle operating room hours (Berger et al., 2020; Pingili, 

2024). For fulfillment centers, machine learning models that can predict a rise in 

orders will ensure there are enough labor resources and reduce delays in order 

processing and delivery (Adekola & Dada, 2024; Suresh et al., 2024). 

 Reduction in Turnover and Workforce Inefficiencies: High employee turnover is 

the persistent challenge for both sectors. Machine learning-driven scheduling 

frameworks provide better distribution of workload, mitigating employees' fatigue; 

this improves overall job satisfaction and retention statistics (Ijiga et al., 2024; Kaledio 

et al., 2024). Predictive workforce planning at fulfillment centers ensures that workers 

are neither overwhelmed during periods of peak demand nor underutilized during 

slower ones, which will cut down on attrition and lift morale (Rane et al., 2024). 
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 Enhanced Service Delivery: ML enhances the delivery service since resource 

availability will match demand. In health care, predictive models allow for timely 

patient care, hence reducing wait times and generally improving treatment results 

(Mizan & Taghipour, 2022; Ahmed et al., 2023). Fulfillment centers have faster order 

processing and more accurate delivery times, which improves customer satisfaction 

and loyalty (Webb, 2024). 

 Improved Customer and Stakeholder Satisfaction: The ability to meet demand 

consistently and efficiently fosters trust among patients in healthcare and customers 

in e-commerce. Transparent, data-driven decision-making powered by ML reinforces 

stakeholder confidence in the organization’s operational capabilities (Singh & Tiwari, 

2024; Abdali et al., 2024). 

 Sustainability and Long-Term Benefits: Beyond short-term benefits, ML 

applications create a long-term impact by rationalizing procedures and saving 

resources. In healthcare it results in better utilization of medical facilities and 

equipment, and in fulfillment centers, less material is wasted due to inefficiencies 

(Theodore et al., 2022; Pamulaparthyvenkata, 2023). 

The metrics of predictive accuracy, cost savings, and labor hour optimization give 
organizations the ability to measure the tangible benefits of ML applications. Moreover, 
a strong impact on operational outcomes in terms of downtime reduction, better service 
delivery, and increased satisfaction of stakeholders points out the transformative 
potential of machine learning in enhancing efficiency and cost-effectiveness across 
healthcare and fulfillment sectors. 

Challenges and Limitations 

Integrating and making ML an essential part of health and safety can add great 
value in terms of resource optimization but introduced and implemented in ML there are 
some significant challenges and limitations which the initiators need to think about to 
increase the impact and sustainable development. 

Lack of Standardized Datasets Across Domains 

Poorly defined, highly dynamic datasets are some of the most important 
challenges for successful machine learning implementation. Health data are generally 
dispersed across heterogeneous EHRs with different formats and adhere to different 
standards. This fragmented nature can considerably hamper training and construction 
of good ML models- because good performance is reliant on massive and heterogeneous 
datasets for attaining high predictive accuracy (Berger et al., 2020; Ahmed et al., 2023). 
For example, imperfect documentation of patient demographics or treatment outcomes 
could bias the performance of models and, hence, their predictions become 
untrustworthy. 
Data discrepancies manifest in a variety of ways including non-uniform inventory 
tracking while processing orders in the fulfillment centers and workforce records. All 
these differences are detrimental to the creation of highly scalable ML solutions within 
the generalized premise of multiple facilities. Rane et al. (2024) and Kaledio et al. (2024) 
confirm that without standard data protocols, knowledge transfer of ML from one 
domain to another-from healthcare to fulfillment-remains highly constrained in 
impeding progress across industries. 
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Ethical and Legal Constraints in ML Adoption 

Alongside all this, the legal and ethical aspects are strongly allied with the deep 
impact which the deployment of ML causes to sensitive areas or domains, such as 
healthcare and logistics. The health data include very sensitive information, which is well 
protected under legal provisions like HIPAA in the US or GDPR in Europe, that prescribe 
very stringent requirements on data privacy and consent, which may restrict the 
availability of data to train any ML model (Webb, 2024; Theodore et al., 2022). 

Another ethical challenge pertained to biased algorithms. Datasets that form the 
basis for current ML algorithms usually contain bias. Thus, results may be adverse, such 
as favoring one group of patients or the other or allocating resources to a particular area 
disproportionately. These types of biases have the adverse consequences of reducing the 
confidence that ML systems inspire and further aggravation of inequalities that have 
already existed (Ijiga et al., 2024). 

Similar ethical problems arise in fulfillment centers regarding how they could 
monitor employees and thereby measure their performance. Machine learning 
surveillance might prove to be cost-effective and result in increased productivity; 
however, it also increases workplace stress and disharmony, resulting in higher 
employee costs associated with turnover. Systems during such times should assure both 
transparency and fairness to avoid the adverse effects (Abdali et al., 2024). 

Conclusion 

Machine Learning has developed into a very critical enabler in the solution of 
labor resource optimization problems in both the healthcare and fulfillment industries. 
The ability of ML to analyze big datasets, predict dynamic demands, and drive real-time 
decisioning renders it uniquely positioned to help bring about better operational 
efficiency, cost reduction, and improved service quality. Using machine learning, the 
opportunities for supervised learning in predictive analytics, reinforcement learning in 
adaptive management, and optimization algorithms in workforce scheduling are 
unparalleled in their ability to better allocate labor in complex, resource-intensive 
environments. The potential for knowledge sharing between healthcare and fulfillment 
industries is enormous. Both domains face similar challenges in demand uncertainty, 
resource allocation, and scalability. Predictive staffing lessons learned in healthcare can 
inform workforce planning in fulfillment centers, while conversely, logistic strategies 
such as demand forecasting can improve patient care scheduling. That kind of cross-
pollination of ideas breeds innovation and hastens the adoption of best practices across 
domains. Unlocking the potential of ML will require interdisciplinary research and 
collaboration. Only with harmonious collaboration among policymakers, researchers, 
and industry leaders can standardized data-sharing protocols, ethical frameworks, and 
scalable ML models of both sectors in view be developed. Investments in collaborative 
efforts that foster the integration of ML technologies would thus be very instrumental in 
opening a path toward greater efficiency, fairness, and sustainability in the management 
of labor. 

Recommendation  

Overcoming the above challenges requires intentional efforts in research, 
collaboration, and ethical artificial intelligence development. The following directions 
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give a framework for the future of machine learning in the healthcare and fulfillment 
industries: 

Need for More Research on Domain Adaptation Techniques 

Domain adaptation techniques are critical to improving the generalizability of 
machine learning models to new and different contexts. Most existing literature often 
focuses on developing models specific to particular domains without considering the 
possibility of these models being adapted to multiple sectors. For example, machine 
learning models developed for patient forecasting in hospitals can be adapted for 
demand forecasting in fulfillment centers by accounting for contextual variables like 
order volume and seasonality (Mizan&Taghipour,2022; Soltani et al.,2022). 

Techniques such as transfer learning, including fine-tuning of the pre-trained 
models for specific tasks, give very beneficial solutions for different applications. 
Moreover, meta-learning allows models to adapt quickly to new tasks with less data and 
further enhances the scalability and cost-effectiveness of machine learning systems 
(Singh & Tiwari, 2024; Pingili, 2024). Expansion of research in these areas could speed up 
the adoption of machine learning in all sectors, fostering innovation and increasing the 
efficiency of operations. 

Potential Collaboration Opportunities between Healthcare and Logistics Sectors 

Collaboration between health and logistics might unlock synergies that drive 
Machine Learning innovation; shared challenges such as dynamic demand management 
and resource allocation create possibilities for cross-sector knowledge transfer, like 
predictive analytics now used in logistics for supply chain optimization, which informs 
patient care scheduling and resource allocation in hospitals (Chris et al., 2024). 
Public-private partnerships and interdisciplinary collaborations could also give birth to 
standardized data-sharing frameworks. For instance, creating unified datasets 
combining the metrics related to patient care with the logistical data from e-commerce 
platforms could help yield innovative solutions in managing dynamic workflows (Rane 
et al., 2024; Adekola & Dada, 2024). In such cases, the collaborations would then make 
the ML models more generalizable and scalable across a wide variety of domains. 

Investment in Ethical and Transparent AI Systems 

The development of ethical and transparent artificial intelligence systems could 
overcome issues such as trust and accountability in AI. Explainable AI (XAI) frameworks 
can increase the interpretability of decisions made by machine learning models, allowing 
stakeholders to understand and verify the reasoning behind the resource allocation 
recommendation (Webb, 2024; Theodore et al., 2022). There must be incorporation of bias 
mitigation strategies into the ML development pipeline so that there can be equity in 
outcomes; that involves diverse training datasets, fairness audits, and continuous model 
performance monitoring. The ethical guidelines and frameworks co-developed with 
stakeholders from the healthcare and logistic sectors need to reflect alignment with 
societal values and regulatory standards (Ijiga et al., 2024; Pamulaparthyvenkata, 2023). 
If such challenges as data standardization and ethical constraints are properly addressed, 
then ML will really be able to unleash its full potential in transforming healthcare and 
fulfillment operations through research, collaboration, and transparency. These efforts 
will enhance not only efficiency but also sustainable innovation and equitable outcomes 
in both industries. 
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